Introduction
Statistics on Income and Living Conditions (SILC) are panel surveys conducted in 28 EU and 4 non-EU countries (including Turkey) to monitor EU 2020 strategies on poverty reduction. For this purpose, information on households were collected annually through detailed questionnaires. The collected information cover income, poverty, social exclusion, living conditions, housing, labour, education and health. individuals' rate to the question, "How is your health in general?". The rates can be one of the followings: very bad, bad, fair, good, and very good. SRH is an important indicator of individuals' general health and argued to be a good predictor of morbidity and mortality (Burström and Fredlund, 2001 ). There are a number of papers that analysed EU-SILC data (without TR-SILC). To the best of our knowledge, there is no work that analysed panels from TR-SILC. Detailed literature review on SILC is provided in Section 3. None of the works considered drawing marginal inference (to 4Özgür Asar be introduced below) with appropriate statistical modelling.
Bayesian analysis of Turkish Income and Living Conditions data
The scientific questions are on interpretations of the relationships between SRH and economic and demographic variables. Therefore, our first natural choice would be working with marginal models (Diggle et al., 2002, Chapter 8) . For inferential purposes, generalised estimating equations (Liang and Zeger, 1986 ) could be used. However, this method does not work with a genuine likelihood function, and might not be the best option for unbalanced data. Instead, we consider random effects models (Chapter 10 of Diggle et al. (2002) ). This class of model consists of individual-level terms together with covariate effects. Interpretations of the regression coefficients are typically based on the assumption that two persons belonging to different covariate sub-groups have the same individual characteristics. However, this would be unrealistic in many cases. Louis (2003, 2004) 
invented a class of distribution, called
Bridge distribution for logit link, that allows obtaining marginal interpretations for the covariates within random-effects modelling framework. So far, the distribution is used only for binary data, mostly within the scope of analysis of longitudinal data, i.e. two-level data (Bandyopadhyay et al., 2010; Parzen et al., 2011; Tu et al., 2011) . Tom et al. (2015) used it for semi-continuous outcome data in the binary logistic sub-part model. Boehm et al. (2013) considered Bridge distribution for multi-level spatial binary data. In this study, we use Bridge distribution for analysis of three-level ordinal outcome data. Parameter estimates are obtained using Bayesian inference.
The No-U-Turn Sampler (Hoffman and Gelman, 2014) , an adaptive version of Hamiltonian Monte Carlo (Neal, 2011) , is used to draw samples from the joint posterior distribution of parameters and random-effects.
Rest of the paper is organised as follows. In Section 2, we give the details of TRBayesian analysis of Turkish Income and Living Conditions data 5 SILC data. In Section 3, we review the literature on SILC data analysis mainly from the statistical methods point of view. Section 4 presents model formulation and inferential details. Section 5 presents results on the TR-SILC data-set. We close the paper by conclusion and discussion.
2 TR-SILC Data-set SILC surveys have been conducted in EU (28 of them) and a number of non-EU countries (Turkey, Iceland, Switzerland and Norway) to monitor EU 2020 strategies on reduction of poverty. The surveys cover objective and subjective questions on both monetary and non-monetary aspects of income, social inclusion and living conditions. Family-and individual-level micro-data are collected on income, poverty, social inclusion, living conditions, housing, labour, education and health. The surveys were conducted as cross-sectionally and also as panels of four years. For more details, interested reader is referred to a data-resource paper on EU-SILC by Arora et al. (2015) and to the website of Eurostat at http://ec.europa.eu/eurostat/web/income-and-living-conditions.
The surveys have been conducted in Turkey through TURKSTAT starting from 2006 within the scope of integration to the EU. Since then data have been collected annually as cross-sections and panels of four years. Country-representative families have been randomly selected, and those willing to participate have been included. Every year of the panel, new families (and individuals from these families), and/or new individuals to the existing families, e.g. newborns, are included. If an individual leaves an existing 6Özgür Asar family, and forms a new one, the new family is also included. For such scenarios, individuals' identity number is kept the same, and the new family is assigned a new number. More details regarding TR-SILC could be found at http://www.turkstat.gov.tr/PreTablo.do?alt_id=1011.
In the current study, we consider the panel of 2010 -2013. Subjects who are older than 16 (inclusive) are considered, since SRH data were not available for those who were younger than 16. There are a total of 109 066 records in the available data-set.
Summary statistics on number of records, and family-level variables are displayed in Table 1 , whereas summary statistics on individual-level variables are displayed in 2010, 2011, 2012 and 2013, respectively . Clearly the variable is right-skewed, hence log-transformation will be applied when it is considered as an explanatory variable in a statistical model. Follow-up patterns for families and individuals are displayed in Table 3 . As can be seen, majority of the families and individuals were present at 2012-2013, 2011-2012-2013 and 2010-2011-2012-2013. There were 465 families and corresponding 2 515 individuals who were only present at 2013. The rest corresponds to either drop-out or intermittent missingness patterns, since reasons for missing data include moving to another country, moving to nursing home, serving for the army, and so on. Likelihood-based inference would be reliable under this assumption (Diggle et al., 2002) . We consider re-categorising SRH as good health (composed of good and very good), fair health and poor health (composed of bad and very bad) (Abebe et al., 2016; Yardim and Uner, 2018) . 
Literature Review
In this section, we review the literature on analysis of SILC data mainly from the statistical analysis point of view. We found no work that considered analysis of SRH or Barlow et al. (2015) investigated the impacts of austerity measures on decline in SRH after the Recession using the 2008-2011 Greek SILC data through logistic regression. Vaalavuo (2016) considered the impacts of unemployment and poverty on deterioration in SRH from 26 EU countries using logistic regression. Pirani and Salvini (2015) 
where h(·) is a link function, and f (·) is a function that relates the covariates and associated coefficients to the probability of ordinal outcome taking the value a,
Choices of cumulative logit for h(·) and linear regression for f (·) would yield the following polytomous logistic regression: 
where B ijk denotes random-effect, also known as latent-effect, for individual j belonging to family i at the k th follow-up at time t ijk . Note that B ijk is unobserved, and 
Random-effects specification
A special, albeit useful approach would be to de-compose the random effect term as (Raman and Hedeker, 2005; Chan et al., 2015) . This approach is useful to take into account individuals in TR-SILC who forms a new family but still included in the survey. For such a patient, U i term would change, i.e.
family characteristic would change, but V ij would stay the same, i.e. the individual being the same. Assuming time-independent random intercept terms, i.e. absence of the k index in U i and V ij would be sufficient to capture dependence for data-sets with a few repeats per study-units. Note that for TR-SILC majority of the families include at most 5 individuals (see Table 1 ) and maximum number of repeats per family/subject is four, and there are many individuals with less than four repeats (see Table 3 ).
The relationships between α Under Bridge, V ij is zero-mean, and has a variance of
Bridge, U i is zero-mean and has a variance of
. Bridge density is plotted in Figure 2 against Normal for two settings of variance.
We also consider Normal for random-effects:
. Note that the model with Normal random-effects corresponds to these considered in Raman and Hedeker (2005) and Chan et al. (2015) . 
Bayesian Inference
By assuming random-effects and associated parameters are independent of the covariates, the joint posterior (4.5) can be re-written as
Here, [Y|θ α c , θ β c , B, X] is the likelihood:
with P(Y ijk = a|θ α c , θ β c , B ijk , X ijk ) to be obtained from (4.3).
By specifying
Note that for Normal, e = 1.
Weakly informative priors are specified for the parameters. For θ α c and θ β c , we consider Cauchy priors with location parameter 0 and scale parameter 5 (Gelman et al., 2008) . Standard deviations of the distributions, e.g. for Exemplary R codes for data analysis are provided in a supplementary material.
Application: TR-SILC data-set
As mentioned in Section 2, the outcome variable is re-categorised SRH with three levels (A = 3): good health (Y ijk = 1), fair health (Y ijk = 2), and poor health (Y ijk = 3). Explanatory variables are listed in Tables 1 & 2. We fit to the TR-SILC data-set the three-level models with Modified Bridge distributed U i and Bridge distributed V ij , and Normally distributed U i and Normally 18Özgür Asar distributed V ij . We also fit the two-level mixed model with Bridge distributed V ij (dropping U i from the model), and the fixed-effects model (dropping both U i and V ij ).
For all models, we specifically consider proportional odds assumption, i.e. β Table 4 , whereas marginal results are presented in Table 5 . There are considerable differences between these models and the fixed-effects model. Interpretations under the preferred model are as follows. Females were approximately 28% (= (exp(0.247) − 1) * 100) more likely to report worse health compared to males.
Widowed or separated (never married) people were more (less) likely to report worse health compared to married people. People in the 35 -64 (65+) age group were less (more) likely to report worse health compared to those in the 16 -34 age group.
Higher education level was associated with decreased probability of reporting worse health. Except students, all the other working status categories were more likely to report worse health compared to those working full or part time. 
Conclusion and Discussion
In this paper, we presented an analysis of Turkish Income and Living Conditions data, with the perspective of marginal inference on the relationship between the outcome and explanatory variables. The outcome of interest is ordinal taking three values:
20Özgür Asar good, fair and bad health. It is subject to family-and individual-level dependencies.
In other words, it is three-level or clustered longitudinal. The model we consider is cumulative logistic regression. We introduced random-effects in this model in order for likelihood-based inference. Typically the estimates obtained under random-effects models have conditional interpretations, hence do not address the scientific interests of the current work. Bridge distributional assumptions for the random-effects allows one to obtain marginal inferences analytically. We take a Bayesian perspective for inference. Samples from the joint posterior distributions are drawn using an adaptive
Hamiltonian Monte Carlo algorithm, called the No-U-Turn Sampler. The R package mixed3 contains functions that implement the methods in practice.
We reviewed the literature on analysis of data-sets from SILC surveys mainly from the statistical modelling point of view. To the best of our knowledge there is no published work that considered analysis of SRH and/or panels from TR-SILC. Available works considered analysis of EU-SILC data, and/or Norway and Iceland SILC surveys. The works either considered fixed-effects modelling or mixed-effects models for conditional inference. None of the works considered marginal inference by taking into account the dependencies appropriately. Almost all the works, except Clair et al. (2016) , ignored household-level dependency. The current paper is the first one that attempts to apply a novel statistical methodology to appropriately take into account the dynamics of the data.
With regards the analysis of 2010-2013 TR-SILC data, it seems for conditional inference there is little to choose between Bridge and Normal assumption for the randomeffects. Interestingly it seems there is also little to choose between the former model and the two-level model. However, there are considerable differences between these two models and the one with no random-effects.
Differences were found between sub-groups of all explanatory variables. The findings regarding working status, MHDI and panel years are especially important from public health perspectives. The difference between employed and unemployed people in terms of reporting better health emphasises the importance of reducing employment rate. Inverse association between MDHI levels and probability of reporting better health points out importance of reach to better healthcare. Differences in cohort years are important to understand the impacts of changes in health policies.
The outcome of interest, SRH, is surely subject to reporting bias. However, SRH is argued to being a good predictor of morbidity and mortality. Also one can argue that it is a good device to measure individuals general health in practice. One can collect specific biomarkers for patients who are at high risk of a certain disease, e.g.
prostate specific antigen for prostate cancer, creatinine for kidney disease. However for general population, like to those in SILC, one can argue that no single marker should be available, and SRH should be a good marker to understand one's general health.
TR-SILC data-set was collected from individuals from all over Turkey. In the panels, neither geographical nor urban/rural information was available. These information would explain some source of variation in SRH. Mediation analysis would be interesting. For example, education level would effect income and hence health status.
Cumulative and/or lagged effects of explanatory variables might be considered to explain health status. For example, history of unemployment might be predictor of current health status. We leave these to a future work on substantive analysis of TR-SILC. Marginalised models (Lee and Heagerty, 2007) could be extended to three22Özgür Asar level ordinal outcomes. However, the estimation procedure would be computationally more demanding compared to the present approach, as one needs to solve intractable convolution equations through root finding algorithms, e.g. Newton-Raphson. We plan to apply the methods to the 2014-2017 panel of TR-SILC when it is opened to researchers. Currently we do have access only to TR-SILC. It would be interesting if we were able to add EU and other SILC data into our analysis. In such a case, the data would be four-level due to the additional nested structure of families being nested within countries. It would be interesting to explore Bridge random-effects specification for four-level ordinal outcomes. From practical point of view, however, one can include countries as dummy variables in the X ijkl matrix, where l (= 1, . . . , r)
is the country, with 32 being the maximum possible value for r. φ is the scale parameter of Bridge distribution, σ standard deviation of Normal.
